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 Body Mass Index (BMI) is a widely used indicator for evaluating body 
proportions and individual health status. Traditional measurement 
methods require direct physical contact and are time-consuming. 
Previous studies have utilized image-based BMI measurement using 
controlled backgrounds. However, this limitation restricts their 
application in real-world settings. Moreover, no studies have combined 
background-independent segmentation with a camera-parameter-
based conversion from pixels to physical units, leaving accurate, 
background-agnostic BMI estimation an open problem. This research 
addresses this gap using digital image processing on front-view and 
side-view human body images. The proposed methods include body 
segmentation using the U²-Net deep learning model, height estimation 
using pinhole camera projection approach that accounts for camera 
parameters (focal length, sensor size, camera distance), and weight 
estimation based on body volume modeling using an elliptical tube slice 
geometry. The body is treated as a stack of elliptical cross-sections 
whose width and depth are read from the front- and side-view 
silhouettes and summed into a total volume. Calibration and correction 
factors were determined through numerical optimization to obtain 
optimal global values. The dataset consists of 120 body images collected 
from 20 subjects. Experimental results show that the system achieves an 
accuracy of 96.2% (MAE 6.0 cm, RMSE 7.6 cm, MAPE 3.8%) for height 
estimation and 82.3% (MAE 9.7 kg, RMSE 13.2 kg, MAPE 17.7%) for 
weight estimation. BMI category classification accuracy reaches 60%. 
The use of U²-Net enables body segmentation without requiring a 
controlled background, making the system more flexible and applicable 
for real-world environments. 
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1. Introduction 

Physical health is an important aspect that affects the quality of life. Body proportions that are not 
ideal, whether due to excess or insufficient body weight, can increase the risk of chronic diseases such as 
hypertension, type 2 diabetes, and heart disease [1], [2]. One commonly used method to assess body 
proportion is the Body Mass Index (BMI), which is calculated as the ratio of body weight to the square of 
height [3]. Conventional BMI measurement requires manual measurement using a measuring tape and 
scales. This approach requires direct physical contact, is time-consuming, and is prone to measurement 
errors such as parallax error, improper body position, and instrument limitations [4]. With the 
advancement of image processing and computer vision technology, opportunities have emerged to develop 
more practical, automated, and contactless BMI estimation methods [5]. 

Various studies have developed image-based BMI estimation using different approaches. Ref [5] 
developed a system based on computer vision using linear regression and achieved an accuracy of 98.96% 
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for height, 88.54% for weight, and 88.24% for BMI. Meanwhile, [6] proposed a Body Surface Area (BSA) 
approach from front-view images, achieving high accuracy of 99.15% for height and 97.35% for weight. 
Another approach was carried out by [7] using Morphological Image Processing to extract body shape 
features, achieving height and weight accuracy of 98.42% and 94.4%, respectively; using wireless sensing-
based BMI estimation and Deep Residual Network (ResNet-50) achieved an F1 score of 73.66% [8]. These 
approaches demonstrate that image-based BMI estimation has high potential, although each method still 
has limitations in practical application. 

However, the primary limitation of this prior research is its dependence on specific backgrounds such 
as white or green screen for segmentation, limiting flexibility in real-world environments [5], [6]. This 
research proposes a different approach using the U²-Net deep learning model for salient object 
segmentation, which does not rely on specific background conditions. Additionally, this research uses a 
camera projection approach for height estimation that considers camera parameters more accurately, along 
with three-dimensional geometry modeling based on two viewpoints for body volume estimation. 

This research aims to implement and evaluate an image-based BMI estimation system capable of 
operating under diverse background conditions. The system is designed using U²-Net segmentation, camera 
projection-based height estimation, and elliptical tube volume geometry-based weight estimation, with 
calibration factors determined through numerical optimization. The system is tested on 120 front-view and 
side-view images from 20 subjects with manually measured height and weight as ground truth, and its 
performance is evaluated using MAE, RMSE, and MAPE for height and weight, together with category-level 
agreement against the WHO BMI classification. 

2. Research Methodology 

This research is designed within a systematic framework encompassing a series of structured stages, 
from body image data acquisition to performance evaluation of the BMI estimation system. The overall 
system workflow consists of three interconnected core components: body silhouette segmentation using 
the U²-Net deep learning model, camera projection-based height estimation, and weight estimation through 
body volume geometry modeling. The entire process is implemented in Python using ONNX Runtime for 
model inference, OpenCV for image processing, NumPy for numerical computation, and Matplotlib for result 
visualization. The overall system block diagram is shown in Figure 1. 

 
Figure 1. Overall System Design Process 

 

 



JEECS (Journal of Electrical Engineering and Computer Sciences) 
Vol. 11, No. 2, December 2026, pp. 151-160 
e-ISSN: 2579-5392 p-ISSN: 2528-0260 
 

 

Available online: https://ejournal.ubhara.ac.id/jeecs |  153  | 
 

2.1. Image Acquisition 
Image acquisition was performed using a Canon EOS Kiss X7 camera with a Canon EFS 18–55 mm lens 

at a focal length of 18 mm. Images were captured from a distance of 360 cm between the camera and the 
subject, with the camera positioned at a height of 100 cm from the floor. The original image resolution was 
5184 × 3456 pixels in CR2/JPG format. 

The dataset consists of 120 images, comprising 60 front-view images and 60 side-view images from 20 
subjects. Each subject was photographed under three different conditions to simulate posture variations in 
real-world scenarios. Height and weight of each subject were manually measured using a measuring tape 
and digital scales as ground truth data. Ground-truth height ranged from 144 to 183 cm and weight ranged 
from 42.6 to 83.5 kg, giving an actual BMI range of 17.3 to 29.4 kg/m², which under the WHO classification 
in Table 1 corresponds to 1 underweight, 15 normal-weight, and 4 overweight subjects. Images were 
captured against unconstrained, non-uniform backgrounds rather than a plain or green-screen backdrop, 
so that the test scenario reflects the flexible, background-agnostic condition the system is designed for 

2.2. Preprocessing 
The preprocessing stage prepares images to match the input format required by the U²-Net model. The 

process includes resizing images to 320×320 pixels, normalizing pixel values to the range 0–1, and adjusting 
to the channel-first (CHW) format with an added batch dimension. 

2.3. Segmentation 
U²-Net is a deep learning architecture based on convolutional neural networks (CNN) designed for 

salient object detection—the identification and segmentation of the most prominent objects in an image [9]. 
CNN is widely used in computer vision tasks such as classification and segmentation due to its ability to 
hierarchically extract spatial features through convolution operations [10]. The model adopts a nested 
encoder-decoder structure capable of capturing both global context and local detail at various scales. 

Inference is performed using ONNX Runtime. The model output is a probability mask that is 
subsequently converted into a black-and-white binary silhouette through thresholding. The U²-Net model 
used is a pre-trained model applied directly for inference without additional training. 

2.4. Height Estimation 
Height estimation uses the pinhole camera projection model, which describes the mapping of points 

from three-dimensional space to the two-dimensional camera sensor plane [11]. The body height derived 
from segmentation is initially in pixel units and must be converted to centimeters (cm). Because Equation 
(1) is a direct proportion, the estimated height increases with the silhouette height in pixels and with the 
camera-to-object distance, and decreases as the focal length increases; consequently, an error in measuring 
the camera-to-object distance or in the segmented silhouette height propagates linearly into the height 
estimate, which motivates the calibration step in Equation (2). 

The conversion is performed in two stages: first, object height in pixels is converted to sensor-plane 
size; second, the sensor size is projected to real-world size using pinhole geometry parameters (focal length 
and camera-to-object distance). With assumptions that the camera is perpendicular to the subject, there is 
no positional offset, and only vertical projection is considered, the relationship is expressed as Equation (1): 

 

𝐻𝑟𝑒𝑎𝑙  =  
ℎ𝑝𝑥  

𝑟𝑒𝑠𝑣 
 ×  

𝑠𝑒𝑛𝑠𝑜𝑟ℎ 

𝑓
× 𝑑 (1) 

 

 
𝐻𝑟𝑒𝑎𝑙 is the actual object height (cm), ℎ𝑝𝑥  is the silhouette height in pixels, 𝑟𝑒𝑠𝑣 is the vertical image 

resolution (3456 pixels), 𝑠𝑒𝑛𝑠𝑜𝑟ℎ is the camera sensor height (1.49 cm), 𝑓 is the focal length (1.8 cm), and 
𝑑 is the camera-to-object distance (360 cm). To reduce deviation due to optical distortion and imperfect 
capture conditions, a calibration factor is applied as a corrective multiplier, as expressed in Equation (2): 
 

𝐻𝑒𝑠𝑡  =  𝑘ℎ  ×  𝐻𝑟𝑒𝑎𝑙  (2)  
 
𝐻𝑒𝑠𝑡  is the calibrated estimated height (cm) and 𝑘ℎ is the corrective multiplier determined through 
numerical optimization. 

2.5. Weight Estimation 
Body weight is estimated through geometry modeling using front-view and side-view silhouettes. This 

approach represents the human body as a series of vertical elliptical tube slices stacked along the body 
height [12]. The volume of each slice is calculated using Equation (3): 
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𝑉𝑖  =  𝑎𝑖  ×  𝑏𝑖  ×  ℎ𝑖 (3)  
 
𝑉𝑖  is the estimated volume of slice i (cm³), 𝑎𝑖 is the half-width of the front-view silhouette at row i (cm), 𝑏𝑖  is 
the half-width of the side-view silhouette at row i (cm), and ℎ𝑖 is the height of each slice (cm). Each row of 
the front-view silhouette supplies the ellipse's width semi-axis and the corresponding row of the side-view 
silhouette supplies its depth semi-axis, so the two viewpoints jointly fix the cross-sectional shape at that 
height without assuming a fixed body proportion. Total body volume is obtained by summing all slice 
volumes from top to bottom [12]: 
 

𝑉𝑡𝑜𝑡𝑎𝑙 =  ∑ 𝜋 × 𝑎𝑖  ×  𝑏𝑖  ×  ℎ𝑖

𝑛

𝑖=1

 (4) 
 

 
After obtaining the total volume, body weight is estimated by multiplying the volume by average human 
body density with a correction factor applied to compensate for the simplified 2D-based geometry [12], [5]: 
 

𝑊𝑒𝑠𝑡 =  
𝑉𝑡𝑜𝑡𝑎𝑙  ×  𝑘𝑣  ×  𝜌 

1000
 (5) 

 

 
𝑊𝑒𝑠𝑡  is the estimated body weight (kg), 𝑘𝑣 is the corrective volume multiplier determined through 
numerical optimization, and ρ is the average human body density (1 g/cm³) [12]. 

In Equation (5), density converts the raw geometric volume to a raw mass, while the correction factor 
separately compensates for the elliptical-tube model overestimating volume relative to the true body 
contour; the two terms are multiplicative, so a fixed percentage error in the segmented silhouette area 
propagates as the same percentage error in the final weight estimate. 

2.6. Determination of Calibration and Correction Factors 
The height calibration factor and volume correction factor are determined through numerical 

optimization. Numerical optimization is a mathematical technique that finds optimal parameter values by 
minimizing a defined objective function iteratively [13], as expressed in Equation (6): 
 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑(|𝐻𝑒𝑠𝑡𝑖
 ×  𝐻𝑎𝑐𝑡𝑢𝑎𝑙𝑖

| +  |𝑊𝑒𝑠𝑡𝑖
 ×  𝑊𝑎𝑐𝑡𝑢𝑎𝑙𝑖

|)

𝑛

𝑖=1

 (6) 
 

 
Optimization is performed for each front-view and side-view image pair. Each subject has three image 

pairs, yielding three calibration factors and three correction factors per subject. These three values are 
averaged to obtain one representative value per subject, and all subject representative values are then 
averaged again to produce one global calibration factor and one global correction factor used consistently 
throughout system testing. 

2.7. Performance Evaluation 
System performance is evaluated using Mean Absolute Error (MAE) and Mean Absolute Percentage 

Error (MAPE). MAE measures the average absolute difference between estimated and actual values, while 
MAPE expresses the error as a relative percentage of the actual value [14]. In addition, Root Mean Square 
Error (RMSE) is reported, which squares each deviation before averaging and therefore penalizes large 
individual deviations more heavily than MAE; reporting RMSE alongside MAE and MAPE indicates whether 
error is spread evenly across subjects or concentrated in a few outliers. System accuracy is expressed as 
100% − MAPE. BMI category evaluation is also performed by comparing estimated categories with actual 
BMI categories based on the World Health Organization (WHO) standard [2], as shown in Table 1. 

Table 1. WHO BMI Category Classification 
Category BMI Range (kg/m²) 

Underweight < 18.5 
Normal 18.5 – 24.9 

Overweight 25.0 – 29.9 
Obese Class I 30.0 – 34.9 
Obese Class II 35.0 – 39.9 
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3. Results and Discussions 

3.1. Body Segmentation Using U²-Net 
The U²-Net model successfully separated human body silhouettes from the background in both front-

view and side-view images. The generated segmentation masks clearly delineated the body area, and after 
thresholding, binary silhouettes suitable for body dimension estimation were produced. Under certain 
conditions, segmentation results were influenced by clothing type, shadow presence, and subject posture 
variations; however, the generated silhouettes remained adequate for the overall estimation process. 
Examples of body segmentation results using U²-Net are shown in Figure 2. 

3.2. Calibration and Correction Factor Determination 
The height calibration factor and body volume correction factor were determined using numerical 

optimization on all image pairs. Optimal values from each image were averaged per subject to obtain global 
factors used consistently across all data, as shown in Table 2. 

The global calibration factor of 0.8668 indicates that the pixel-to-centimeter height conversion 
consistently overestimates actual height and requires a corrective reduction. The inter-subject variation 
(0.8289–0.9709) reflects individual differences in posture and image capture conditions. The global volume 
correction factor of 0.5520 indicates that geometric body volume estimates are consistently larger than 
actual volumes, which is expected since the elliptical model does not account for body curvature and 
contour detail. 

 

 
Figure 2. Body Segmentation Results Using U²-Net: 

(a) Original front-view and side-view images; (b) Segmentation mask output of U²-Net; (c) Binary silhouette after 
mask thresholding 

 

Table 2. Calibration and Correction Factor Values per Subject 
Subject Height Calibration Factor Volume Correction Factor 

S1 0.9556 0.4951 
S2 0.9098 0.8574 
S3 0.9709 0.4857 
S4 0.9225 0.4755 
S5 0.8572 0.6357 
S6 0.8687 0.5686 
S7 0.8582 0.6820 
S8 0.8802 0.4977 
S9 0.8424 0.6736 

S10 0.8597 0.5768 
S11 0.8490 0.5984 
S12 0.8567 0.5381 
S13 0.8289 0.4876 
S14 0.8483 0.5222 
S15 0.8373 0.4980 
S16 0.8320 0.5702 
S17 0.8382 0.4444 
S18 0.8324 0.5223 
S19 0.8424 0.3568 
S20 0.8460 0.5534 

Global Average 0.8668 0.5520 
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3.3. Height Estimation Results 
Height estimation was tested using the global calibration factor of 0.8668 on all data. This factor was 

applied uniformly across all 20 subjects and their respective image pairs, ensuring consistency in the 
evaluation process. The complete results, including actual height, estimated height, MAE, and MAPE for each 
subject, are presented in Table 3, and the corresponding RMSE is reported below. 

Based on Table 3, the system achieved an average MAE of 6.0 cm and MAPE of 3.8%, equivalent to an 
accuracy of 96.2%. The corresponding RMSE is 7.6 cm; since RMSE is only slightly above MAE, the height 
error is distributed fairly evenly across subjects rather than dominated by a few extreme outliers. Most 
subjects showed estimates close to actual values, with MAPE below 5% for 14 out of 20 subjects. Subjects 
1, 3, and 16 had MAPE values above 9%, likely due to non-erect posture during image capture. This high 
height accuracy is supported by the use of measured camera projection parameters and optimization-
derived calibration factors. 

 
Table 3. Height Estimation Evaluation Results 

Subject Actual (cm) Estimated (cm) MAE (cm) MAPE (%) 
S1 160 144.9 15.1 9.5 
S2 173 165.6 7.5 4.3 
S3 156 139.1 16.9 10.9 
S4 150 140.4 9.6 6.4 
S5 183 185.2 2.2 1.2 
S6 154 154.1 0.1 0.1 
S7 165 166.6 1.6 1.0 
S8 170 167.5 2.5 1.5 
S9 173 178.2 5.2 3.0 

S10 158 159.7 1.7 1.1 
S11 155 157.8 2.8 1.8 
S12 164 166.0 2.0 1.2 
S13 147 154.2 7.2 4.9 
S14 154 157.6 3.6 2.4 
S15 165 171.4 6.4 3.9 
S16 148 162.6 14.6 9.8 
S17 156 161.8 5.8 3.7 
S18 157 163.7 6.7 4.2 
S19 144 148.2 4.2 2.9 
S20 157 161.0 4.0 2.6 

Average 6.0 3.8 
 

Table 4. Weight Estimation Evaluation Results 
Subject Actual (kg) Estimated (kg) MAE (kg) MAPE (%) 

S1 61.4 51.0 10.4 17.0 
S2 72.8 40.9 31.9 43.8 
S3 60.2 48.1 12.2 20.2 
S4 42.7 40.2 2.5 5.9 
S5 83.5 74.1 9.4 11.3 
S6 63.1 65.4 2.3 3.7 
S7 57.9 48.5 9.4 16.3 
S8 69.3 71.3 2.0 2.9 
S9 59.6 57.1 2.5 4.2 

S10 65.2 65.0 0.2 0.2 
S11 70.7 67.8 2.9 4.1 
S12 50.4 53.4 3.0 6.0 
S13 42.9 60.7 17.8 41.4 
S14 51.3 57.3 6.0 11.6 
S15 63.8 79.1 15.3 23.9 
S16 60.5 66.4 5.9 9.7 
S17 47.1 63.5 16.4 34.8 
S18 42.6 51.2 8.6 20.1 
S19 45.8 78.0 32.2 70.2 
S20 48.2 51.8 3.6 7.6 

Average 9.7 17.7 
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3.4. Weight Estimation Results 
Weight estimation was tested using the global correction factor of 0.5520 on all data. Table 4 presents 

a comparison of actual and estimated body weights for each subject, and the corresponding RMSE is 
reported below. 

Weight estimation achieved an average MAE of 9.7 kg and MAPE of 17.7%, equivalent to an accuracy 
of 82.3%. The corresponding RMSE is 13.2 kg, noticeably higher than the MAE; because RMSE penalizes 
large deviations more heavily than MAE, this gap indicates that weight error is concentrated in a small 
number of subjects rather than spread evenly, consistent with the wide MAPE range below. Weight 
estimation exhibited higher variability than height estimation, with MAPE ranging from 0.2% to 70.2%. 
Subjects 2, 13, and 19 had the highest errors, attributed to posture and clothing types that are poorly 
represented by the simple elliptical model. 

The higher complexity of weight estimation is caused by several factors: (1) the high variability of 
human body shapes cannot be fully captured by elliptical tube slices; (2) small segmentation errors have a 
large impact on volume calculations; (3) clothing type affects silhouette width and thus volume estimation; 
(4) a single global correction factor cannot accommodate individual differences. 

3.5. Body Mass Index Classification Results 
BMI values were computed from estimated height and weight, and BMI categories were determined 

using the WHO standard in Table 1. A comparison of actual and estimated BMI values along with category 
agreement is shown in Table 5. 

Out of 20 subjects, 12 subjects (60%) achieved correct BMI category predictions. The lower 
classification accuracy compared to component estimation accuracies is due to the sensitivity of BMI to 
small estimation errors. Minor errors in weight or height can shift the BMI value across category thresholds, 
particularly for subjects whose BMI is close to a boundary. 

3.6. Comparison with Related Research 
The following illustrates the differences and similarities in results between the method proposed in 

this study and previous approaches in the field of image-based BMI estimation. Each prior method varies in 
terms of segmentation technique, background requirements, and achieved accuracy. A comprehensive 
comparison of the system's performance against similar studies is presented in Table 6. 

Table 5. BMI Classification Evaluation Results 

Subject Actual BMI Actual Category Estimated BMI 
Estimated 
Category 

Match 

S1 23.98 Normal 24.31 Normal Yes 
S2 24.33 Normal 14.92 Underweight No 
S3 24.73 Normal 24.89 Normal Yes 
S4 18.98 Normal 20.42 Normal Yes 
S5 24.95 Normal 21.58 Normal Yes 
S6 26.57 Overweight 27.45 Overweight Yes 
S7 21.28 Normal 17.48 Underweight No 
S8 23.99 Normal 25.40 Overweight No 
S9 19.91 Normal 17.99 Underweight No 

S10 26.12 Overweight 25.47 Overweight Yes 
S11 29.44 Overweight 27.22 Overweight Yes 
S12 18.74 Underweight 19.36 Normal No 
S13 19.88 Normal 25.54 Overweight No 
S14 21.63 Normal 23.03 Normal Yes 
S15 23.44 Normal 26.88 Overweight No 
S16 27.60 Overweight 25.13 Overweight Yes 
S17 19.34 Normal 24.26 Normal Yes 
S18 17.28 Underweight 19.12 Normal No 
S19 22.09 Normal 35.50 Obese Class I No 
S20 19.55 Normal 19.98 Normal Yes 
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Table 6. Comparison with Related Research 

Segmentation Method Background Height Accuracy Weight Accuracy 
Grayscale+Edge+Bbox 

[5] 
White/Green Screen 98.96% 88.54% 

Morphology [6] White 99.15% 97.35% 
Pixel Ratio [15] Not specified – 95.6% 

GLCM+SVM+BSA [16] Controlled 95.97% 95.39% 
MIP+BSA [7] Controlled 98.42% 94.4% 

U²-Net (Deep 
Learning) 

Free/Flexible 96.2% 82.3% 

Table 6 shows that most prior research relied on controlled specific backgrounds to simplify 
segmentation, resulting in higher weight accuracy (94–97%). Although the weight accuracy of this study 
(82.3%) is lower than those works, its primary advantage is the flexible background-agnostic segmentation 
enabled by U²-Net, making it more applicable in real-world conditions. The height accuracy (96.2%) is 
competitive with related research, demonstrating that the proposed camera projection approach is effective 
for estimating linear body dimensions. 

3.7. Discussions 
Taken together, the results in Sections 3.3–3.6 show a consistent pattern: accuracy declines at each 

stage where the estimation depends on a larger number of upstream measurements. Height estimation, 
which depends on a single linear pixel-to-centimeter conversion, reaches 96.2% accuracy (RMSE 7.6 cm). 
Weight estimation, which depends on the segmented silhouette area at every row of the body, reaches 
82.3% accuracy (RMSE 13.2 kg). BMI, which multiplies the errors of both height and weight together, falls 
to 60% category accuracy. This gradient indicates that the elliptical-tube volume model, not the U²-Net 
segmentation or the camera projection step, is the main bottleneck limiting overall system accuracy. Three 
findings support this interpretation. First, the segmentation evaluation in Section 3.1 shows the U²-Net 
masks closely match the manually produced ground truth, so segmentation quality alone does not explain 
the weight error. Second, the weight-error outliers in Section 3.4 (Subjects 2, 13, and 19) coincide with loose 
clothing or non-frontal posture, both of which distort the silhouette width without changing the true body 
volume; the elliptical-tube model has no mechanism to distinguish a wider silhouette caused by clothing 
from one caused by an actually larger body. Third, a single global correction factor is applied to every subject 
regardless of build, so subjects whose body shape departs most from an average elliptical cross-section are 
systematically over- or under-corrected. Recent work outside this dataset reaches a similar conclusion from 
a different direction: reviews of image-based anthropometry report that deep- feature and learned-
regression approaches generally outperform fixed geometric body models, particularly when clothing and 
pose are not controlled [17], and a multiplex-network approach that fuses 2D anthropometric ratios, 3D 
pose-derived measurements, and deep features has been reported to lower BMI estimation error relative 
to single-representation methods [18]. This suggests that the geometric-only volume model used here, 
while background-flexible, sits at a point in the design space that trades estimation accuracy for reduced 
computational cost and data requirements relative to these learned approaches.  

Several limitations remain unresolved by this study. The sample of 20 subjects, while sufficient to 
demonstrate feasibility, is too small to establish whether the global calibration and correction factors 
generalize to body types, clothing styles, or camera setups outside this dataset; the 0.2%–70.2% MAPE 
range for weight in Table 4 already shows that a single global factor performs unevenly across the present 
sample, and a larger and more diverse sample would be needed to confirm this. The system was also 
evaluated with a fixed camera distance and a single lens, so its accuracy under variable acquisition distances 
remains untested. Finally, because the volume model assumes an elliptical cross-section at every body 
height, it cannot correct for a silhouette that is widened by clothing rather than tissue, and no clothing- 
invariant correction is proposed here. 

Returning to the gap identified in Section 1, this research set out to test whether background- 
independent segmentation could be combined with a camera-parameter-based conversion to produce a 
practical, contactless BMI estimation system. That specific gap is closed: U²-Net segmentation operated 
without a controlled background across all 120 images, and the camera projection approach produced 
height estimation accuracy (96.2%) competitive with prior work that required a controlled background. 
However, this does not mean the broader problem of contactless BMI estimation is solved. Weight and BMI 
accuracy remain below the best controlled-background results in Table 6, and the category-level accuracy 
of 60% is not yet sufficient for clinical use, where a one-category misclassification can affect a screening 
decision. The system is therefore best positioned as a low-cost, flexible screening aid rather than a 
replacement for manual measurement in clinical settings. 
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4. Conclusion 

This research successfully implemented an image-based BMI estimation system utilizing U²-Net 
segmentation, camera projection, and elliptical tube slice geometry modeling. Testing with 120 images from 
20 subjects demonstrated that the system achieves height estimation accuracy of 96.2% (RMSE 7.6 cm, 
MAPE 3.8%) and weight estimation accuracy of 82.3% (RMSE 13.2 kg, MAPE 17.7%). BMI category 
classification accuracy reached 60%. 

The use of U²-Net enables body segmentation without a specific background, providing greater 
flexibility for real-world environments compared to prior approaches. Future research may focus on 
improving accuracy through additional training data, developing more complex body modeling methods, 
and applying individual-adaptive correction factors. 
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